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1
SYSTEM AND METHOD FOR IDENTIFYING
OPTIMAL CLOUD CONFIGURATION IN
BLACK-BOX ENVIRONMENTS TO ACHIEVE
TARGET THROUGHPUT WITH BEST PRICE
BASED ON PERFORMANCE CAPABILITY
BENCHMARKING

BACKGROUND

The present disclosure relates to a method and system for
identifying a cloud configuration used for deploying a soft-
ware application. More specifically, a set of virtual machines,
which is needed to satisfy the target performance in the cloud
infrastructure, is determined by characterizing a performance
of the application and a workload of candidate cloud infra-
structures.

An optimal cloud configuration, i.e., a combination of vir-
tual machines (VMs), is desired by cloud users that want to
deploy a software application into a cloud infrastructure. One
problem encountered by a cloud user that is purchasing vir-
tual machines is a difficulty identifying a cloud configuration
that enables the best performance of'its web service. The task
is challenging because cloud providers do not reveal their
infrastructure configuration details, such as, for example,
resource availability, and structure of physical servers, stor-
ages, network switches, and virtual machine management.
Rather, these cloud providers only show a list of VM configu-
rations and prices. Therefore, the cloud user is left to make a
decision in a black-box environment.

The process of identifying the best cloud configuration can
be expensive in the black-box environment. A cloud user
provisions system resources to meet its throughput goals. The
cloud user can over-provision in the black-box environment
to reduce a risk of not meeting its throughput. Unnecessary
over-provisioning can result in higher costs.

Due to the shortage of information, a cloud user can also
explore candidate cloud configurations by deploying its com-
plex application into each cloud configuration. The cloud user
can measure its throughput in each cloud configuration to find
the cloud provider that is offering the best price. However, the
process of blindly exploring a number of different cloud
configurations can be very expensive and time consuming.
The deployment process is complicated when there are a
number of different cloud configurations to be evaluated.

Therefore, a system and method are desired that compares
black-box clouds and identifies the best cloud configuration
for deploying a given application having certain throughput
goals and price preferences.

BRIEF DESCRIPTION

The present disclosure proposes a cloud recommender sys-
tem that deploys a target application in a white-box test-bed.
The system is designed to (i) estimate the maximum through-
put, or the best price, of given software application in a target
cloud and (ii) compare offerings made by the cloud providers.

One embodiment of the disclosure relates to a method for
identifying a cloud configuration for deploying a software
application. The method includes characterizing a perfor-
mance of a target application and workload. The method
includes deploying a set of benchmark applications into at
least one target cloud infrastructure. The method includes
characterizing the target infrastructure using the set of bench-
marking applications. The method includes representing the
performance with a set of bins each corresponding to a
resource subsystem of a virtual machine and a performance
score that is required to deploy the target application and meet
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the target performance. The method includes filling the bins
with performance values for selected target virtual machines.
Usingthe filled bins, the method includes determining a set of
virtual machines needed to satisfy the target cloud infrastruc-
ture. The method includes providing a recommendation of the
set of virtual machines to a user deploying the software appli-
cation.

Another embodiment of the disclosure relates to a system
for identifying a cloud configuration for deploying a software
application. The system includes a target application perfor-
mance module that is adapted to characterize a performance
of a target application. The system includes a target cloud
infrastructure performance module that is adapted to charac-
terize a workload of the at least one target cloud infrastruc-
ture. The system includes a cloud configuration determina-
tion module that is adapted to represent the performance with
a set of bins each corresponding to a resource subsystem of a
virtual machine and a performance score that is required to
deploy the target application and performance. The cloud
configuration determination module is further adapted to fill
the bins with performance values for a select target cloud
infrastructure. Using the filled bins, the cloud configuration
determination module is further adapted to determine a set of
virtual machines needed to satisfy the target performance in
the at least one target cloud infrastructure. The system further
includes a user interface that is adapted to provide a recom-
mendation for the set of virtual machines to a user deploying
the software application. The system also includes a proces-
sor that is adapted to execute the modules.

BRIEF DESCRIPTION OF THE DRAWINGS

FIGS. 1A and 1B are tables showing price and perfor-
mance comparisons between different cloud configurations
provided by a number of cloud providers.

FIG. 2 is an overview of a method for identifying a cloud
configuration according to the present embodiment.

FIG. 3 is a schematic illustration of a cloud configuration
recommendation system in one aspect of the exemplary
embodiment.

FIGS. 4A and 4B show a flow chart illustrating an exem-
plary method for identifying a cloud configuration according
to another aspect of the exemplary embodiment.

FIGS. 5A and 5B show example data collected for charac-
terizing a performance of a target application and workload.

FIG. 6A shows a set of bins each corresponding to a
resource subsystem of a virtual machine and a performance
score that is required to deploy a target application and meet
its target performance.

FIG. 6B shows the set of bins in FIG. 6 A partially filled
with performance values for selected target virtual machines.

FIGS. 7A and 7B show a flow chart illustrating a method
for determining a set of virtual machines in an optimal target
cloud configuration according to one aspect of the exemplary
embodiment.

DETAILED DESCRIPTION

The present disclosure teaches a recommender system that
enables cloud users to compare prices and performances of
the different cloud configurations that are offered by cloud
providers. The comparisons enable the cloud user to identify
the best cloud configuration for deploying a given applica-
tion. Furthermore, cloud providers can also use the price and
performance comparisons for determining a price strategy
and improving performance.
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For example, FIG. 1A shows a performance comparison
among a user, that is a cloud provider, and three other cloud
providers. Each cloud provider offers a similar price for
deployment of the application into the target cloud. However,
the processing time for responding to a request varies among
the providers. Similarly, each cloud provider can achieve a
similar performance in the comparison shown in FIG. 1B, but
it can offer the deployment at a different price. The cloud
provider can use this information, for example, to adjust its
price for competing with other providers.

FIG. 2 provides an overview of a method 200 for identify-
ing a cloud configuration. A performance of a target applica-
tion and workload is characterized at S202. The performance
is characterized in a white-box test-bed, whereby infrastruc-
ture configuration details are known. This performance is
characterized in terms of a resource usage pattern for the
(VM) sub-systems (s.a., e.g., CPU, system call, context
switch, memory capacity, disk I/O, and network 1/O) that are
required to deploy the target application. More specifically,
the resource usage pattern is used to generate a base perfor-
mance capability vector at S204. Each feature of the vector
represents the required performance capability value of a
respective resource sub-system that is needed to meet a given
target throughput.

Concurrently, a set of benchmark applications are
deployed into at least one target cloud. The target infrastruc-
tures are characterized using the set of benchmarks at S206.
More specifically, performance characteristics of the target
clouds are captured using a benchmark suite at S206. A set of
performance vectors are generated using the benchmarking
results of the target clouds at S208. Each vector represents the
performance capability of a specific VM (or physical server).
Because the benchmarking results can dynamically change
over time, the characterization of the target infrastructures
can be completed as an offline batch process that is periodi-
cally scheduled.

The base performance capability vector is represented as a
set of bins. More specifically, the set of bins is used to repre-
sent each resource subsystem of a virtual machine. The size of
each bin is based on a performance score that is required by
the subsystem to deploy the target application and meet the
target performance. The bins are filled with the performance
capability values for the virtual machines at S210. After the
bins are filled with the performance values of each virtual
machine, the system determines if the bins are full at S212.
For the bins not being full (NO at S212), the system repeats
S210 and fills the bins with performance values for an addi-
tional virtual machine. The system searches for an optimal
cloud configuration until the price is minimized. For the bins
being full (YES at S212), the system recommends the cloud
configuration, including the combination of VMs used to
satisfy the throughput goal of the target cloud infrastructure at
a minimum price at S214.

FIG. 3 is a functional block diagram of a cloud recommen-
dation system 100 in one exemplary embodiment. The system
100 includes a cloud determination device 102, hosted by a
computing device 104, such as a server computer at a service
provider site, and/or a user device 106, hosted by a computing
device, at a customer site, such as a server, which can be
linked together by communication links 108, referred to
herein as a network. These components are described in
greater detail below.

The cloud configuration determination device 102 illus-
trated in FIG. 3 includes a processor 110, which controls the
overall operation of the cloud configuration determination
device 102 by execution of processing instructions, which are
stored in memory 112 connected to the processor 110.
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The cloud configuration determination processes that are
disclosed herein are performed by the processor 110 accord-
ing to the instructions stored in the memory 112. In particular,
the memory 112 stores target application performance mod-
ule 114, target cloud infrastructure performance module 116,
and cloud configuration determination module 118.

The illustrated target application performance module 114
characterizes a performance of a target application.

The target cloud infrastructure performance module 116
characterizes a workload of at least one target cloud infra-
structure.

The cloud configuration determination module 118 repre-
sents the target application performance with a set of bins
each corresponding to a resource subsystem of a virtual
machine and a performance score that is required to deploy
the target application and performance. The module 118 fills
the bins with performance values for target cloud infrastruc-
tures. Using the filled bins, the module 118 determines a set of
virtual machines (VMs) needed to satisty the target perfor-
mance in the target cloud infrastructure(s).

The cloud configuration determination device 102 also
includes one or more communication interfaces (I/0), such as
network interfaces 120 for communicating with external
devices, such as the user device 106. The various hardware
components 110, 112, 120 of the cloud configuration deter-
mination device 102 may all be connected by a bus 124.

With continued reference to FIG. 3, the cloud configuration
determination device 102 is communicatively linked to a user
interface device (GUI) 126 via a wired and/or wireless link. In
various embodiments, the user interface device 126 may
include one or more of a display device, for displaying infor-
mation to users, such as an optimal cloud recommendation to
ahuman operator 128 for review, and a user input device, such
as a keyboard or touch or writable screen, for inputting
instructions, and/or a cursor control device, such as a mouse,
trackball, or the like, for communicating user input informa-
tion and command selections to the processor 110. Specifi-
cally, the user interface device 126 includes at least one of an
input device and an output device, both of which include
hardware, and which are communicatively linked with the
server 104 via wired and/or wireless link(s).

With continued reference to FIG. 3, the cloud recommen-
dation system 100 includes a storage device 130 that is part of
or in communication with the cloud configuration determi-
nation device 102. In one embodiment, the cloud configura-
tion determination device 102 can be in communication with
a server (not shown) that hosts storage device 130 for storing
historical data.

The memory 112, 122 may represent any type of tangible
computer readable medium such as random access memory
(RAM), read only memory (ROM), magnetic disk or tape,
optical disk, flash memory, or holographic memory. In one
embodiment, the memory 112, 122 may each comprise a
combination of random access memory and read only
memory. The digital processor 110 can be variously embod-
ied, such as by a single-core processor, a dual-core processor
(or more generally by a multiple-core processor), a digital
processor and cooperating math coprocessor, a digital con-
troller, or the like. The digital processor 110, in addition to
controlling the operation of the respective cloud configura-
tion determination device 102, executes instructions stored in
memory 112, 122 for performing the parts of the method
outlined below.

The software modules as used herein, are intended to
encompass any collection or set of instructions executable by
the cloud configuration determination device 102 so as to
configure the computer or other digital system to perform the



US 9,124,498 B2

5

task that is the intent of the software. The term “software” as
used herein is intended to encompass such instructions stored
in storage medium such as RAM, a hard disk, optical disk, or
so forth, and is also intended to encompass so-called “firm-
ware” that is software stored on a ROM or so forth. Such
software may be organized in various ways, and may include
software components organized as libraries, Internet-based
programs stored on a remote server or so forth, source code,
interpretive code, object code, directly executable code, and
so forth. It is contemplated that the software may invoke
system-level code or calls to other software residing on the
server or other location to perform certain functions.

The communication interfaces 120 may include, for
example, amodem, arouter, a cable, and and/or Ethernet port,
etc.

As will be appreciated, while two computing devices 104,
106 are illustrated by way of example, the system 100 may be
hosted by fewer or more linked computing devices. Each
computing device may include, for example, a server com-
puter, desktop, laptop, or tablet computer, smartphone or any
other computing device capable of implementing the method
described herein.

FIGS. 4A and 4B show a flow chart illustrating an exem-
plary method 400 for identifying a cloud configuration
according to another aspect of the exemplary embodiment.
The method starts a S402. At S404, the system 100 charac-
terizes the performance and workload of a target application,
which is a software application that a cloud user desires to
deploy. The target application performance module 114 char-
acterizes the target application in the context of its resource
sub-system usage pattern by deploying the application into a
white-box test-bed and conducting measurements. A work-
load simulator generates synthetic loads with various data
access patterns, such as, for example, the ratio of database
write over read transactions and the ratio of business logic
computation over read and write. In one embodiment, the
workload simulator can use historical data to sort and replay
the workload to give systematic stress to the target applica-
tion. There is no limit to the type of applications that the
white-box test bed can run. Example target applications can
be CPU-intensive, memory-intensive, 1/O intensive, and net-
work intensive.

Continuing with FIGS. 4A and 4B, to characterize the
performance of the target application, the module 114 deter-
mines a resource usage pattern of the subsystems needed to
deploy the target application. To characterize the perfor-
mance, the module 114 determines a performance capability
value of each sub-system at S406. Module 114 measures a
change in throughput of the target application as a change in
workload at S408. FIG. 5A shows a table that records the
change in throughput using example data.

The module 114 correlates between the throughput and
workload at S410. A regression model is used to present the
correlation between throughput and load. In one embodi-
ment, the following model can be applied:

T=BL

where T is throughput;
L is the amount of load; and,
P is the increase rate of throughput per unit of load.
The increase rate [} can be obtained by calibrating the
function to fit into the actual curve of throughput.
Continuing with FIGS. 4A and 4B, the module 114 also
measures a change of the resource usage of each subsystem as
aresult of the change of workload at S412. FIG. 5B is another
regression model that shows load changes that were recorded
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6

for an example sub-system’s usage. The correlation between
the load change and usage can be obtained at S414 using the
following equation:

Ulr)=o,L+b; ()]

where U(r;) is the normalized usage of a resource sub-system;
1, approximates within the range 0<U(r)<100);
a, is the normalized increase rate of the resource usage per
unit of load; and,
b, is a base resource consumption.
The normalized increase rate o, and base resource consump-
tion b, can be obtained by calibrating the function to fit into an
actual curve of the resource usage pattern. For the purpose of
describing the disclosure, the portion of the low load in the
curve is used hereon. The regression models generated by
equations (1) and (2) can be linear models like the examples
shown in FIGS. 5A and 5B. Alternatively, the linear model
can be tweaked to obtain other models.

Continuing with FIGS. 4A and 4B, the system determines
a target throughput for the target application using the regres-
sion models at S416. More specifically, the module 114 com-
putes a performance capability value of each resource sub-
system to meet a given target throughput of the application at
S418. Specifically, the base performance capability value
Cy(r; of aresource sub-system r, is computed with the follow-
ing equation:

Cylr=(cd/B)T/U(ry)* 3

where ai is the normalized increase rate of the resource usage
1, per unit of load

[ is the increase rate of the throughput;

T*is the given target throughput;

U(r,)* is the normalized maximum resource usage; and,
(ci/p) indicates the normalized usage of a resource sub-sys-
tem r, to increase a unit of throughput.

The normalized increase rate o is generally within the range
(0<aix100). Furthermore, the normalized maximum
resource usage U(r,)* is 100. Thus, the equation (3) indicates
an amount of resource capability that is required to meet the
target throughput in the white-box test-bed. For C4(r,) being
greater than 1, the target application requires more resource
capability than the system has. For Cg(r,) being less than or
equal to 1, the resource sub-systems can meet the throughput
goals.

Next, the module 114 uses the base performance capability
values (i.e., the resource usage pattern) to generate a perfor-
mance capability vector for the target application at S420.
The base performance capability vector for the target appli-
cation and throughput is a set of performance capability val-
ues and is represented by the following equation:

Va=[Cp(r))Cp(r3) - . . Cpl(r,)] Q)

Each feature of the performance capability vector repre-
sents a performance capability value of each resource sub-
system needed to meet the target throughput of the applica-
tion.

Concurrently, target cloud infrastructure performance
module 116 deploys a set of benchmark applications into at
least one target cloud infrastructure at S422. The target cloud
infrastructure performance module characterizes a workload
of the target cloud infrastructure(s) at S424.

Although the application’s workload is constant, the target
cloud configuration may have different performance charac-
teristics for the given application and its workload. To capture
the performance characteristics of the target cloud configu-
ration, a configurable benchmark suite collects various sta-
tistics using benchmark applications. The module 116 mea-
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sures the performance capabilities of various resource sub-
systems. The module 116 more specifically captures the
relative performance capability value, C(r), of the target
cloud configuration against the white-box cloud configura-
tion. Using the benchmarking results, the module 116 com-
putes a relative performance capability value of each sub-
system of the at least one target cloud infrastructure at S426
with the following equation:

Cr)=T(r)/B(r)) ®

where B(r,) is the benchmarking result of a resource sub-
system r, in the white-box cloud configuration; and
T(r,) is one in the target cloud configuration.

Using the relative performance capability values deter-
mined at (5), module 116 generates a target performance
vector for the each target cloud infrastructure at S428. The
vector is represented as the following:

V= [CLr)Co(ra) - - Cr,)] Q)

The module computes target performance capability vec-
tors for each candidate cloud of interests.

Continuing with FIGS. 4A and 4B, the cloud configuration
determination module 118 explores various cloud configura-
tions offered from cloud providers to identify an optimal
cloud configuration. More specifically, the recommender sys-
tem 100 searches for the optimal cloud configuration using
the base performance capability vector of eqn. (4) and the
target performance vectors of eqn. (6).

The module 118 represents the performance values with a
set of bins at S430. More specifically, the module 118 con-
verts the base performance vector, computed at eqn. (4), into
the set of bins at S432. Each bin corresponds to a resource
subsystem of a virtual machine and a performance score that
is required to deploy the target application and meet the target
performance. More specifically, each bin has a size that cor-
responds to the base performance capability value of the
subsystem. FIG. 6 A shows an example of four bins represent-
ing the base performance capability vector with four resource
sub-systems being CPU, memory capability, Disk IO and
NW bandwidth. FIG. 6B shows the set of bins in FIG. 6A
partially filled with performance values for selected target
virtual machines.

Most cloud providers have pre-determined, small cloud
configuration types. These cloud providers offer the cloud
service at certain prices based on the different sub-system
capacities of the virtual machine types. The module 118 fills
the bins with the capability values of virtual machines at
S434. More specifically, the module 118 uses the perfor-
mance capability vectors for each target cloud infrastructure
that was computed at eqn. (6). FIG. 6A shows an example of
the four bins of FIGS. 5A and 5B being partially filled with
the capability values of virtual machine(s).

By filling the bins, the module 118 is fitting the numerical
capability values of pre-determined VM types into the base
numerical capabilities defined in the base performance capa-
bility vector. As mentioned, the system 100 uses vectors to fill
bins for determining a set of virtual machines needed to
satisfy a target cloud infrastructure. In one implementation,
an optimal cloud configuration can have multiple heteroge-
neous virtual machines. In this example, multiple heteroge-
neous VMs can handle workloads in parallel with a load
balancing technique for parallel applications and for clus-
tered parallel database transactions and parallel computation.

The present disclosure aims to find a combination of virtual
machines that meet the target throughput. The disclosure
aims to further find a combination of VMs that minimizes the
cumulated price of VMs. The optimal cloud configuration is
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determined by computing the distance between the base per-
formance capability vector and cumulated performance capa-
bility vectors of a set of VMs using the equation:

D=2, "max{Cp(r)-C.(r),0} M

where Cg(r,) is the base performance capability value of a
resource sub-system r, in the base performance capability
vector; and,

C_(r,) is a performance capability value of r, in the perfor-
mance capability vector of a VM type to be filled in bins.
The optimal cloud configuration is determined as being the
cloud configuration measuring the smallest distance.

Inthe instance that the difference between the performance
capability value of a resource sub-system and the base per-
formance capability value of the resource sub-system Cx(r,)
is less than zero (Cx(r;)-C_(r;)<0), the system considers the
difference as being zero because there is enough resource
capability. Otherwise, the system will find another VM to fill
in bins since it cannot meet the target throughput.

Continuing with FIGS. 4A and 4B, the module 118 deter-
mines if the bins are fully satisfied at S436. In response to the
bins not being full (NO at S436), the module 118 continues to
add the performance capability values of additional virtual
machines into the bins at S438. The system has to fill all bins
even if the size of the bin is very small, meaning that the
required performance capability of the resource sub-system is
relatively small (e.g., see the bin representing the NW band-
width in FIG. 5). Otherwise, a bottleneck of the cloud con-
figuration can occur in any resource sub-system that does not
have enough capability even if the resource sub-system is not
critical to achieve a target throughput.

In response to the bins being full (YES at S436), the mod-
ule 118 uses the full bins to identify the cloud configuration
being offered at a minimum price at S440. In other words, the
module determines a set of virtual machines that is included
in target cloud infrastructure(s) with the minimum price at
S440. The module 118 provides a recommendation of the set
of virtual machines to a user deploying the software applica-
tion at S442. The method ends at S444.

Because there can be anumber of different combinations of
virtual machines that can meet the target throughput, the
process of using the bins in a search remedies inefficiencies
resulting from blindly exploring a search space in conven-
tional approaches. A set of virtual machines in at least one
target cloud infrastructure with a minimum price can be deter-
mined herein using various algorithms, such as a best-first
search algorithm.

Now referring to FIGS. 7A and 7B, a method 700 is shown
for determining the set of virtual machines in an optimal
target cloud configuration. The method starts at S702.
Because the number of virtual machines of a VM type is
unlimited, and each VM type has a specific price and the
performance capability vector, the optimal cloud configura-
tion can be a combination of these VM types. The combina-
tion can consist of any number of each VM type. Therefore,
the system 100 generates a set of initial candidate combina-
tions at S704. Each combination includes one VM obtained
from each VM type.

A cumulated performance capability vector is computed
for each candidate combination at S706. The cumulated per-
formance capability vector is computed by summing corre-
sponding features of performance capability vectors of VMs
in the combination. In other words, the corresponding perfor-
mance values of a resource subsystem are totaled. At S708, a
cumulated price is computed for each candidate combination
in the set by summing prices of all VMs in the combination.
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Continuing with FIGS. 7A and 7B, the set of candidate
combinations are inserted into a pool of candidate combina-
tions at S710. The candidate combinations in the pool are
sorted using the cumulated prices at S712. More specifically,
the candidate combinations are sorted by price in ascending
order. The least expensive candidate combination is deter-
mined as the first combination in the sorted list at S714. This
combination is packed into the bins at S716.

The distance is computed between the base performance
capability vector and the cumulated performance capability
vector of the determined candidate combination at S718. This
distance is computed using equation (7) discussed above. In
response to the distance being greater than zero (D>0) (YES
at S720), the system generates a new set of candidate combi-
nations at S722. Each new combination includes an addi-
tional VM placed into the least expensive candidate combi-
nation (determined at S714). Then, the process is repeated at
S706. In response to the distance being less than or equal to
zero (NO at S720), the chosen candidate combination is
determined as being the optimal cloud configuration corre-
sponding to the minimum price at S724. The method ends at
S726.

Some candidate combinations that can achieve target
throughput are more expensive than an optimal cloud con-
figuration. Using the method 700 described in FIGS. 7A and
7B, a search space can be reduced by pruning out these more
expensive candidate combinations.

Another aspect of the present disclosure is the ability to
characterize a virtual machine in a black-box cloud. By con-
verting a virtual machine (or physical server) into a perfor-
mance vector, the performance of the machine can be char-
acterized using a benchmark suite. The performance can be
encoded into a performance capability vector that can be used
for a cost-efficient performance evaluation.

A further aspect of the disclosure is the ability to compute
a performance requirement needed to achieve a target
throughput. By characterizing the performance of a target
complex application in terms of the usage pattern of resource
sub-systems, the required capability of each sub-system
needed to achieve the target throughput can be computed. The
performance capabilities are encoded into the base perfor-
mance capability vector to represent the performance require-
ment for given application and its throughput goal.

Another aspect of the disclosure relates to an efficient
process for identifying an optimal cloud configuration in
black-box clouds. When cloud providers have pre-deter-
mined cloud configuration types with specific prices, a best
first search method disclosed herein can reduce the search
space and speed up the search.

Although the method in FIGS. 2, 4 and 7 are illustrated and
described above in the form of a series of acts or events, it will
be appreciated that the various methods or processes of the
present disclosure are not limited by the illustrated ordering
of such acts or events. In this regard, except as specifically
provided hereinafter, some acts or events may occur in dif-
ferent order and/or concurrently with other acts or events
apart from those illustrated and described herein. It is further
noted that not all illustrated steps may be required to imple-
ment a process or method in accordance with the present
disclosure, and one or more such acts may be combined. The
illustrated methods and other methods of the disclosure may
be implemented in hardware, software, or combinations
thereof, in order to provide the control functionality described
herein, and may be employed in any system including but not
limited to the above illustrated system 100, wherein the dis-
closure is not limited to the specific applications and embodi-
ments illustrated and described herein.
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The method illustrated in FIGS. 2 and 4A and 4B may be
implemented in a computer program product that may be
executed on a computer. The computer program product may
comprise a non-transitory computer-readable recording
medium on which a control program is recorded (stored),
such as a disk, hard drive, or the like. Common forms of
non-transitory computer-readable media include, for
example, floppy disks, flexible disks, hard disks, magnetic
tape, or any other magnetic storage medium, CD-ROM,
DVD, or any other optical medium, a RAM, a PROM, an
EPROM, a FLASH-EPROM, or other memory chip or car-
tridge, or any other tangible medium from which a computer
can read and use.

Alternatively, the method may be implemented in transi-
tory media, such as a transmittable carrier wave in which the
control program is embodied as a data signal using transmis-
sion media, such as acoustic or light waves, such as those
generated during radio wave and infrared data communica-
tions, and the like.

The exemplary method may be implemented on one or
more general purpose computers, special purpose com-
puter(s), a programmed microprocessor or microcontroller
and peripheral integrated circuit elements, an ASIC or other
integrated circuit, a digital signal processor, a hardwired elec-
tronic or logic circuit such as a discrete element circuit, a
programmable logic device such as a PLD, PLA, FPGA,
Graphical card CPU (GPU), or PAL, or the like. In general,
any device, capable of implementing a finite state machine
that is in turn capable of implementing the flowchart shown in
FIGS. 2, 4A, 4B, 7A and 7B can be used to implement the
method.

It will be appreciated that variants of the above-disclosed
and other features and functions, or alternatives thereof, may
be combined into many other different systems or applica-
tions. Various presently unforeseen or unanticipated alterna-
tives, modifications, variations or improvements therein may
be subsequently made by those skilled in the art which are
also intended to be encompassed by the following claims.

What is claimed is:

1. A computer implemented method foridentifying a cloud
configuration for deploying a software application stored in
memory and executed by a processor, the method comprising:

characterizing a performance of a target application and

workload;

deploying a set of benchmark applications into at least one

target cloud infrastructure;

characterizing the at least one target infrastructure using

the set of benchmarking applications, the characterizing
including generating a base performance capability vec-
tor for the target application;

computing a relative performance capability value for each

subsystem of the at least

one target cloud infrastructure;

generating a target performance vector for the at least one

target cloud infrastructure

using the relative performance capability value;

representing the performance with a set of bins each cor-

responding to a resource

subsystem of a virtual machine and a performance score

that is required to deploy the target application and meet
the target performance;

filling the bins by fitting the performance capability value

for candidate set of virtual

machines into the base numerical capabilities defined in

the base performance capability vector;
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computing a distance between the base performance capa-
bility vector and a cumulated performance capability
vector of the combination of candidate virtual machines;

determining if the distance is greater than zero;
in response to the distance being greater than zero, gener-
ating a new candidate combination of virtual machines;

in response to the distance not being greater than zero,
associating the virtual machines in the candidate com-
bination as being needed to satisfy the at least one target
cloud infrastructure; and

providing a recommendation of the set of virtual machines

to a user deploying the software application.

2. The method of claim 1, wherein the characterizing the
performance of the target application further includes:

determining a base performance capability value of the

each subsystem; and,

using the base performance capability values for, generat-

ing athe base performance capability vector for the tar-
get application.

3. The method of claim 2, wherein the determining the base
performance capability value of each subsystem includes:

measuring a change of throughput of the target application

as a result of a change of workload;

measuring a change of the resource usage of each sub-

system as a result of the change of workload;
correlating between the throughput and the workload;
correlating between resource usage for the each subsystem
and the workload;
determining a target throughput; and,
using the correlations, computing the base performance
capability value of the each subsystem needed to meet
the target throughput.

4. The method of claim 2, wherein the representing the
performance with a set of bins includes:

converting the base performance vector into a set of bins,

each bin representing a subsystem and having a size
corresponding to the base performance capability value
of the subsystem.

5. The method of claim 4, wherein the filling the bins
includes:

filling the bins with corresponding performance capability

vectors of the select target cloud infrastructure.

6. The method of claim 1, wherein the filling the bins
includes:

continuing to add virtual machines with performance capa-

bility values into the set of bins until the set of bins is
fully filled.

7. The method of claim 1, wherein the determining the set
of virtual machines needed to satisfy the target throughput in
at least one target cloud infrastructure includes:

determining the set of virtual machines in at least one target

cloud infrastructure with a minimum price using various
algorithms such as a best-first search algorithm.
8. The method of claim 1, wherein the determining the set
of virtual machines in at least one target cloud infrastructure
with the minimum price includes:
generating a set of initial candidate combinations each
including one VM obtained from each VM type;

computing a cumulated performance capability vector of
each candidate combination in the set of initial candidate
combinations;

computing a cumulated price of each candidate combina-

tion in the set;

inserting the set of candidate combinations to a pool of

candidate combinations;

sorting the candidate combinations in the pool by the

cumulated price of combination in ascending order;
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obtaining a least expensive candidate combination from

the pool; and,

packing the chosen candidate combination into the bins.

9. The method of claim 8, wherein the determining the set
of virtual machines in at least one target cloud infrastructure
with the minimum price further includes:

computing a distance between the base performance capa-

bility vector and the cumulated performance capability
vector of the chosen candidate combination; and,

for a distance being equal to zero, selecting the chosen

candidate combination as the cloud configuration corre-
sponding with the minimum price.

10. The method of claim 8, wherein the computing the
cumulated performance capability vector includes:

summing corresponding elements of performance capabil-

ity vectors of VMs in the combination.

11. The method of claim 8, wherein the computing the
cumulated price includes

summing prices of all VMs in the combination.

12. A computer program product comprising non-transi-
tory media which encodes instructions for performing the
method of claim 1.

13. A system for identifying a cloud configuration for
deploying a software application, the system comprising:

a processor; and

a non-transitory computer readable memory storing

instructions that are executable by the processor for:
characterizing a performance of a target application and
workload;
deploying a set of benchmark applications into at least one
target cloud infrastructure;
characterizing the at least one target infrastructure using
the set of benchmarking applications, the character-
izing including generating a base performance capa-
bility vector for the target application;
computing a relative performance capability value for
each subsystem of the at least one target cloud infra-
structure;
generating a target performance vector for the at least
one target cloud infrastructure using the relative per-
formance capability value;
representing the performance with a set of bins each cor-
responding to a resource subsystem of a virtual machine
and a performance score that is required to deploy the
target application and meet the target performance;

filling the bins by fitting the performance capability value
for candidate set of virtual machines into the base
numerical capabilities defined in the base performance
capability vector;

computing a distance between the base performance capa-

bility vector and a cumulated performance capability
vector of the combination of candidate virtual machines;
determining if the distance is greater than zero;
in response to the distance being greater than zero, gener-
ating a new candidate combination of virtual machines;

in response to the distance not being greater than zero,
associating the virtual machines in the candidate com-
bination as being needed to satisfy the at least one target
cloud infrastructure; and

providing a recommendation of the set of virtual machines

to a user deploying the software application.

14. The system of claim 13, wherein the processor is fur-
ther configured to:

determine a base performance capability value of the each

subsystem; and
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use the base performance capability values for generating
the base performance capability vector for the target
application.

15. The system of claim 14, wherein the processor is fur-

ther configured to:

measure a change of throughput of the target application as
a result of a change of workload;

measure a change of resource usage of each subsystem as
a result of the change of workload;

correlate between the throughput and the workload;

correlate between resource usage for the each subsystem
and the workload;

determine a target throughput; and
use the correlations to compute the base performance

capability value of the each subsystem needed to meet
the target throughput.
16. The system of claim 13, wherein the processor is fur-
ther configured to:

convert the base performance vector into the set of bins,
each bin representing a subsystem and having a size
corresponding to the base performance capability value
of the subsystem;

fill the bins with corresponding performance capability
vectors of the select target infrastructure;

continue to add virtual machines with performance capa-
bility values into the set of bins until the set of bins is full;
and
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determine the set of virtual machines in the at least one
target cloud infrastructure with a minimum price.
17. The system of claim 13, wherein processor is further

configured to:

generate a set of initial candidate combinations each
including one VM obtained from each VM type;

compute a cumulated performance capability vector of
each candidate combination in the set of initial candidate
combinations;

compute a cumulated price of each candidate combination
in the set;

insert the set of candidate combinations to a pool of can-
didate combinations;

sort the candidate combinations in the pool by the cumu-
lated price of combination in ascending order;

obtain a least expensive candidate combination from the
pool; and

pack the chosen candidate combination into the bins.

18. The system of claim 13, wherein the processor is fur-

20 ther configured to:

compute a distance between the base performance capabil-
ity vector and the cumulated performance capability
vector of the chosen candidate combination; and

for a distance being equal to zero, select the chosen candi-
date combination as the cloud configuration correspond-
ing with the minimum price.
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